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Abstract
The aim of this work is to develop a method for detec-
tion of brief episode paroxysmal atrial fibrillation (PAF).
The proposed method utilizes four different features: RR
interval irregularity, absence of P waves, presence of f-
waves and noise level. The obtained features are applied
to the Mamdani-type fuzzy inference method for decision-
making. The performance was evaluated on one hundred
90 s long surrogate ECG signals with brief PAF episodes
(5–30 beats). The robustness to noise in ECGs where noise
level in each set is incremented in steps of 0.01 mV from 0
to 0.2 mV was examined as well. When compared to the
coefficient of sample entropy, our method showed consid-
erably better performance for low and moderate noise lev-
els (< 0.06 mV) with an area under the receiver operating
characteristic curve of 0.9 and 0.94, respectively. Similar
performance is expected for higher noise levels as atrial
activity is less used in the detection process. Finally, the re-
sults suggest that our method is more robust to false alarms
due to ectopic beats or other irregular rhythms than the
method under comparison.
1. Introduction
The detection of brief episode paroxysmal atrial fibril-
lation (PAF) is an important problem to solve since atrial
fibrillation (AF) is a progressive disorder. If not treated,
PAF usually becomes more frequent and longer until it be-
comes permanent [1]. Recently, it was observed that brief
episodes of AF, lasting from 5 to 30 s, occurred in 10% of
patients who had cryptogenic ischemic stroke [2]. The au-
thors hypothesized that another stroke may be prevented if
patients were monitored during their first month after the
first incidence of stroke.
Automatic AF detection can be done in different ways—
one is based on identification of P-wave absence and an-
other on the analysis of RR interval irregularity. Since
P-waves are not apparent during AF such knowledge can
be combined with RR irregularity information in order to
improve the performance of AF detection [3]. Detection
based on P-wave analysis only is impractical since smaller
P-waves are susceptible to noise. On the other hand, de-
spite the result that methods based on RR intervals suggest
high sensitivity and specificity, PAF detection is precluded
since a window of 30 s or longer is typically needed [4].
Recently, there has been a growing interest in develop-
ing algorithms for detection of brief AF episodes. A sam-
ple entropy based method was proposed that is capable of
detecting AF using only 12 consecutive RR intervals [5].
The results show that AF episodes as short as 5 s can be
detected with this method. However, reduced performance
is expected in the presence of atrial ectopic beats.
A novel detector architecture was recently proposed,
where information on P wave presence/absence, heart rate
irregularity, and atrial activity analysis was combined, us-
ing an artificial neural network as classifier [6]. However,
the results showed that AF detection performance was not
better than that of the RR-interval based detector, suggest-
ing that the information carried by atrial activity has not
been optimally exploited.
In this study, the proposed method is based on atrial
activity extraction using an echo state network (ESN) re-
cently introduced as a unified solution to the problem of
QRST cancellation in the presence of substantial variation
in beat morphology and/or occasional ectopic beats [7].
The extracted atrial activity signal is used for character-
ization of the atrial activity as well as for assessment of
noise level in ECG. The obtained variables are combined
using a fuzzy inference system.
2. Methods
The main processing steps of the proposed AF detec-
tor are illustrated in Fig. 1. The detector requires two
ECG leads as input, of which one needs to be positioned
far away from the atria, e.g., the precordial lead V6. A
sliding window approach of M consecutive beats is taken
to detection where P-wave absence, f-wave presence and
noise level are computed from atrial signal sˆ(n) produced
by ESN. The ESN may be viewed as a classical adaptive
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Figure 1. A block diagram of PAF detection method.
filter, where the atrial signal is extracted from a mixture
of signals using a reference signal that is modified by a fil-
ter with time-variable transfer function—the ESN—and an
adaptation algorithm. ESN is well-suited not only for can-
cellation of QRST complexes, but also for cancellation of
P-waves, therefore the output signal during sinus rhythm
(SR) contains only PQRST residuals and noise.
P-wave absence (P) is quantified by first computing the
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where nP and nR denote the onset and end of the PR inter-
val, respectively, both being fixed distances from ni—the
fiducial point of the i:th beat. Then, the squared error is










The parameter P is close to zero in rhythms with stable
P-wave patterns, whereas the presence of f-waves causes
P to increase. The PR interval was set to (nR, nP ) =
(50, 250) ms.
f-wave presence (F) is quantified by a parameter reflect-
ing the spectral concentration around the dominant spectral






where Esˆ is total energy contained in a windowed wave-
form. The power spectrum Psˆ(ω) of sˆ(n) in the detection
window is obtained by Welch’s method with a 1-s tapered
cosine window and 50% segment overlap. The integration
intervalΩp is centered around the dominant peak of Psˆ(ω).
When f-waves are present, Psˆ(ω) is concentrated around a
dominant peak, corresponding to the AF frequency, and
thus F is close to 1. For sinus rhythm, F is much smaller
than 1. The parameter F was computed using the values
given in [8].
RR interval irregularity (R) is quantified by the coeffi-
cient of sample entropy, defined by [5]




+ ln(2r)− ln(mˉr), (4)
where A and B denote the total number of RR interval
patterns of length m + 1 and m, respectively, that match
within a certain tolerance r; for details, see [5]. The mean
length of the RR intervals contained in the detection win-
dow is denoted mˉr. The parameterR was computed using
the values given in [5].
Noise is characterized by the RMS value of sˆ(n) in the
detection window, denoted Rsˆ, weighted with a spectral
entropy ratio computed in intervals containing either atrial
activity or noise:
N = Rsˆ ∙
∫ ωn,1
ωn,0
Psˆ(ω) ∙ log2 Psˆ(ω) dω∫ ωa,1
ωa,0
Psˆ(ω) ∙ log2 Psˆ(ω) dω
. (5)
The parameter N is small when Psˆ(ω) reflects AF,
whereas it is large when motion artifacts or electromyo-
graphic (EMG) noise is present. The parameter N was
computed using the integration intervals [ωa,0, ωa,1] and
[ωn,0, ωn,1] corresponding to [3, 10] Hz and [10, 125] Hz,
respectively.
AMamdani-type fuzzy inference method is employed for
AF detection. The present fuzzy logic scheme has four in-
puts, i.e., P , F , R, N , sixteen rules, and one output de-
noted (O). The crisp input values are converted via mem-
bership functions to fuzzy sets which serve as input to the
inference mechanism. Spline-based s-shaped and z-shaped
input membership functions are used to describe AF and
SR, respectively. The input membership functions are de-
fined by the parameters a and b which determine the ex-
treme values of the functions. The following values were
used: (a, b) = (−3, 0.2) for R, (a, b) = (0, 0.6) for S ,
(a, b) = (0, 0.015) for P , and (a, b) = (0, 2) for N .
Once the crisp inputs have been fuzzified, a set of “if–
then” rules are activated. Each rule is composed of four
members which are combined with the AND operator. The
complete set of fuzzy rules is presented in Table 1. Fur-
thermore, each rule has its own linguistic output, denoted
AF1 to AF8, which is defined by the Gaussian member-
ship function. Equidistant locations were assigned to the
Gaussian output membership functions, defined by ci =
c0 + iΔc, c0 = 0 and Δc = 0.143. The width σ was set
to 0.061. For each rule, the degree of activated output is
determined by the minimum value of each member. The
inference of a fuzzy block is based on all rules, and there-
fore the outputs of individual rules are combined using the
maximum method for the accumulation in order to obtain
overall fuzzy output. The crisp output O is obtained using
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Table 1. Fuzzy rule base. Here NL and NH denote low
and high noise, respectively.
Decision
R F P NL NH
SR SR SR AF1 AF1
SR SR AF AF2 AF2
SR AF SR AF3 AF3
AF SR SR AF4 AF5
SR AF AF AF6 AF4
AF SR AF AF7 AF5
AF AF SR AF8 AF6
AF AF AF AF8 AF7
the centroid defuzzification method. The output is a value
between 0 and 1 which reflects the likelihood that the cur-
rent detection window contains AF.
The length of the sliding window is set to M = 5 con-
secutive beats. Since a small detection window will cause
more false detections, median filtering (length 5) is applied
to the output O to suppress outliers prior to threshold de-
tection. Paroxysmal AF is detected whenever the output of
the median filter exceeds a fixed threshold equal to η = 0.5.
3. Signals
Due to the lack of annotated databases with brief PAF,
an ECG simulator was developed for evaluation of detec-
tion performance. During AF, the simulated signal is com-
posed of ventricular activity, extracted from real ECGs,
and f-waves produced by an extended sawtooth model [7].
During SR, the simulated signal is composed of ventricular
activity, also extracted from real ECGs, and P-waves pro-
duced by an Hermite basis function model. A sinus rhythm
model is used to generate the RR intervals [9] and an atri-
oventricular node model is used to generate RR intervals
during AF [10]. T-waves are first resampled to have fixed
duration, but later adjusted to match the prevailing heart
rate. The noise, taken from the MIT–BIH Noise Stress Test
Database [11], is normalized prior to the computation of a
specific value of the noise parameter N . In each alternat-
ing episode of SR or AF, the number of beats is uniformly
distributed in the interval [5, 30]. It should be noted that
the presented detector is unrelated to the simulator.
The proposed detector was developed using the AF
database described in [12], without using of any simulated
signals. The performance evaluation was based on simu-
lated signals, where the ventricular activity was extracted
from ECGs obtained from 100 subject signals contained in
the PTB Diagnostic ECG Database [11]. The ECGs were
decimated to 250 Hz to reduce the computational demands
of the ESN [7]. Leads V1 and V6 were used as the target
and reference signals, respectively.
4. Results
The area under receiver operating characteristic curve
(PA) is the measure for evaluating AF detection perfor-
mance on beat-by-beat scale. The statistical results are ex-
pressed as mean±two-sided confidence interval (95%).
Figure 2 illustrates the performance of each separate part
of the detector when brief AF episodes occur. Episodes
were correctly detected even when corrupted with EMG
noise that drowns the f-waves.
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Figure 2. The performance of the proposed detector. Here
x(n) denotes the simulated ECG signal; thick line denotes
the output signal after threshold.









Figure 3. AF detection performance as a function of noise
level.
Figure 3 compares performance of individual parame-
ters used in the proposed AF detector to the synergistically
combined, fuzzy logic based parameter. The results show
that atrial activity describing features P and F are more
reliable than RR irregularity indexR when the noise com-
ponent is less than 50 μV for P and less than 10 μV for
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F . The overall performance of the method starts deterio-
rating when the noise level is higher than 120 μV, although
it remains much better than forR alone.
In order to support the results obtained on simulated
data, some examples are taken from patients with brief
episode PAF and ectopic beats, see Fig. 4. The proposed
detector was compared to a detector based on sample en-
tropy [5], denoted by OLM . The results suggest that
the proposed method has shorter AF detection delay than

















Figure 4. Detection performance on real ECGs with (a)
a brief AF episode, (b) several ectopic beats. Thick line
marks segments detected as AF.
5. Conclusions
This study shows that combination of parameters char-
acterizing both atrial and ventricular activities and taking
into account noise level can provide a solution to reliable
detection of very brief episodes of atrial fibrillation in ECG
signals.
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